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ABSTRACT

Institutional review boards (IRBs) play a crucial role in
ensuring the ethical conduct of human subjects research,

but face challenges including inconsistency, delays,

and inefficiencies. We propose the development and
implementation of application-specific large language models
(LLMs) to facilitate IRB review processes. These IRB-specific
LLMs would be fine-tuned on IRB-specific literature and
institutional datasets, and equipped with retrieval capabilities
to access up-to-date, context-relevant information. We
outline potential applications, including pre-review screening,
preliminary analysis, consistency checking, and decision
support. While addressing concerns about accuracy, context
sensitivity, and human oversight, we acknowledge remaining
challenges such as over-reliance on artificial intelligence and
the need for transparency. By enhancing the efficiency and
quality of ethical review while maintaining human judgement
in critical decisions, IRB-specific LLMs offer a promising tool
to improve research oversight. We call for pilot studies to
evaluate the feasibility and impact of this approach.

INTRODUCTION

Research involving human participants has the
potential to yield invaluable knowledge that can
advance medical practice, improve health outcomes,
and inform us about societal practices and human
behaviour. However, history has shown that such
research also carries risks for participants who may
be subjected to exploitation or unjustifiable harm
if adequate protections are not in place.' > Conse-
quently, a robust framework of ethical norms, codes
of conduct, regulations, and laws has emerged to
guide and govern human subjects research.’”

A key component of the ethical oversight infra-
structure (ie, Human Research Protection Programs)
is the institutional review board (IRB), also known
as a research ethics committee. Before research
involving human participants can proceed, the
study protocol must undergo review and approval
(and potentially also monitoring post-approval)
by an IRB to ensure regulatory compliance, sound
scientific design (ie, to prevent harm to participants
arising from scientific design), and ethical accept-
ability. In theory, the IRB review process is an essen-
tial safeguard to protect research participants from
excessive risk and unjustifiable harm. In practice,
however, it suffers from several well-documented
problems and limitations.® The net result of these
problems is an ethics review process often marked
by delays, unpredictability, and insufficient account-
ability—issues which can impede valuable research
without necessarily improving protections for
human participants.
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For example, studies have found wide variability
in how different IRBs interpret regulations, make
value judgements, and reason through ethical
issues.” ' There are also significant discrepancies in
the levels of scrutiny applied, with some protocols
(based on the IRB’s determination of the study’s
level of ‘minimal risk’ and its risk appetite) under-
going ‘full board’ review while very similar studies
are classified as ‘exempt’ or eligible for ‘expedited’
review. This inconsistent application of standards is
compounded by an apparent lack of transparency
in many cases (ie, IRB deliberations and decisions
appear to be shrouded in secrecy due to the lack
of adequate rationale in its communications to
researchers, or from the absence of sufficient and
accurate documentation of the IRB’s reviews).!!
And there is often no robust mechanism for an
institutional memory of past IRB discussions and
decisions.

In light of these limitations, it has recently been
proposed to make use of advances in generative arti-
ficial intelligence (Al), in particular large language
models (LLMs), as a first pass or adjunct screening
tool to facilitate the speed with which IRBs can assess
research proposals.'? > While general LLMs—such
as those employed in OpenAl’s GPT, Meta’s Llama,
or Anthropic’s Claude series—have shown initial
promise and potential in this area,'* ' their use as
screening tools is also attended by risks and poten-
tial ethical concerns. Ethical review is a paradig-
matic case of an area in which human oversight and
judgement are widely believed to be of paramount
importance.'® This belief is likely strengthened by
an awareness of known issues with LLMs related to
accuracy, bias, explainability, consistency, reproduc-
ibility, and the potential for LLMs to ‘hallucinate’
(ie, the ability of LLMs to generate plausible-
sounding outputs that are not directly grounded
in factual or training data due to the generative Al
models’ capacity to create, synthesise, or extrap-
olate information probabilistically based on its
learnt patterns).”® '® Moreover, most IRBs, unlike
most off-the-shelf LLMs, are institution specific:
there may be particular institutional requirements
that need to be followed based on local factors,
including local regulations, or specific concerns of
the local population, which are germane to ethical
review decisions.

For these reasons, any proposal to cede or dele-
gate important aspects of ethics oversight to Al is
understandably controversial. We readily acknowl-
edge these concerns. One way to address them, as
has previously been proposed, is to use these systems
not as a replacement but rather as a supplement to
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human review.'? In this paper, we build on this suggestion by
proposing the augmentation of human review with application-
specific IRB LLMs designed and validated specifically for this
purpose. This design can be achieved through tried-and-tested
technical means such as application-specific fine-tuning, retrieval-
augmented generation (RAG), and prompt engineering.'” To the
extent that the design, implementation, and rigorous validation
of an application-specific IRB Al is successful, the resulting LLM
will have access to additional and higher-weighted knowledge
specific to individual IRBs, which partially addresses concerns
related both to accuracy and to the need for context sensitivity.
Such purpose-built LLMs could handle pre-submission checks
and initial reviews, freeing up time and attention for more
complex, sensitive, or high-risk cases; however, difficult judge-
ment calls and final determinations would still rest with human
decision-makers.

In the sections below, we develop this argument in greater
detail. We begin by providing background information on the
need for, as well as known problems with, IRB review, as well
as briefly detailing existing proposals for the use of LLMs to
address these problems. Next, we provide a concise technical
overview of LLMs generally and of application-specific IRB
LLMs specifically, illustrating their potential with examples from
the burgeoning literature of personalised LLMs for bioethical
applications. Building on these technical foundations, we go on
to present an operational vision for IRB-specific LLMs and walk
through how they could be integrated into existing workflows
to improve speed, consistency, and quality. Finally, we consider
some of the key limitations and open questions related to our
proposal, charting an agenda for future research and implemen-
tation efforts.

PROBLEMS WITH ETHICAL REVIEW OF HUMAN SUBJECTS
RESEARCH

The primary function of IRBs is to ensure that research proto-
cols comply with applicable laws and regulations, have sound
scientific design, and are ethically acceptable. This involves a
careful assessment of the risks and anticipated benefits of the
proposed research, as well as a determination of whether the
rights and welfare of participants are adequately protected. IRBs
also have a responsibility to ensure that consent will be obtained
in a manner that is free from coercion or undue influence, and
that participants are presented with adequate information about
the study.

While the requirement of IRB review has certainly played a
significant role in the furtherance of research ethics, the process
can subject proposed research to significant, although unneces-
sary, delays which may in turn slow down scientific progress and
hinder advances in medical treatment.'®

These delays stem from multiple sources. Many IRB offices
face significant challenges in institutional funding and staffing—
which can be traced to (historical) structural decisions that fail
to allocate dedicated or sufficient financial support—resulting
in inadequate human resources and overworked offices with
extended turnaround times.'” 2 In our own experience, poor
quality submissions’ exacerbate delays, often lacking key details,

1. By “poor quality submissions”, we refer specifically to the quality
of the IRB application form itself — eg, how clearly and completely the
required information is presented — which often includes details of the
research protocol/methodology. “[Q]uality” here does not refer to the
scientific quality or methodological rigour of the protocol, the review
of which primarily falls under the purview of scientific review commit-
tees rather than IRBs — except where poor scientific design may expose

containing discrepancies, missing documents, or using exces-
sive technical jargon in participant-facing materials. Delayed
researcher responses to IRB queries further prolong the process.
Unclear and complex IRB communications, especially regarding
required modifications and their rationales, can lead to misun-
derstandings. Research in jurisdictions with complicated legal
landscapes—such as the USA, with its federal and state laws—
or in international multi-site studies adds complexity. Critically,
the lack of institutional memory—specifically, the absence of a
searchable database of past IRB decisions and outcomes—hinders
efficient reviews and contributes to variability in IRB interpreta-
tions and decisions.?! ?* Additionally, inadequate procedures for
the secure handling of participants’ data often complicate the
approval process, further extending the time required for IRB
review and approval.

In light of these challenges, there is a clear need for innovative
solutions that can enhance the speed, consistency, and quality
of the IRB review process, as well as address IRBs’ staffing and
resource constraints resulting from institutional funding deci-
sions. One promising approach is to leverage the power of gener-
ative Al, particularly LLMs, to assist with the initial screening
and evaluation of research protocols.

GENERATIVE Al FOR IRB REVIEW
LLMs are general-purpose Al models whose primary function
is to predict the next token (a short word or a fragment of a
word) in a sequence of natural language. Recent advances in
data availability, hardware, and model architecture have greatly
expanded the capacities of multimodal generative Als to process
text and other modalities, such as sound, image, and video.” At
the time of writing, state-of-the-art LLMs are trained on huge
corpora of text and show significant performance across a wide
variety of information tasks.”* Recently, the introduction of
reasoning models or ‘reasoners’ (eg, OpenAl’s o-series, Anthrop-
ic’s Claude Sonnet and Opus with their ‘extended thinking’
mode, DeepSeek R1) now confers LLMs the capability to spend
more time processing a request, breaking it down into a series
of steps before providing a response.["] This ‘Chain-of-Thought’
(CoT) technique—an automated process which directs the Al to
approach the problem/user’s prompt in a stepwise fashion—can
be used to generate outputs that purportedly surpass traditional
LLMs (eg, GPT-40) significantly, in tasks that are reasoning
heavy. In essence, when the LLM is directed to ‘think’—and
when it ‘thinks’ longer—the better its responses would generally
be. The development of reasoners has also led to advancements
in agentic Als—Als which, on being given a goal, have the ability
to achieve that goal autonomously—that is, break it down into
necessary steps and executing these — with no further human
input.[ﬁi]

LLMs are increasingly used in biomedical contexts, including
for interpreting and generating clinical notes and patient reports,

potential participants to unnecessary risks and/or harms.
2. See generally: https://openai.com/index/learning-to-reason-with-llms/

"3. Novel real-world applications of Al agents include OpenAI’s Oper-
ator and Deep Research. Operator is an agent that browses the internet
to autonomously execute human tasks (eg, filling up forms, ordering
groceries), while Deep Research is an agent that performs ‘multi-
step’ research by aggregating and ‘synthesising’ content from various
online sources. Leveraging OpenAl’s 03 reasoning model, it interprets,
“reasons”, and analyses the gathered information to generate, within
minutes, a comprehensive fully cited report with reportedly high-quality
references (eg, an up-to-date detailed report on gene therapies that have
secured regulatory approval for condition X).
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to assist in limited areas of diagnostics and treatment, as well as
in various administrative and research-oriented tasks.”> Conse-
quently, the idea of using LLMs to screen protocols submitted
to IRBs has been raised.'” Indeed, an early study demonstrated
the potential of this idea across a series of case studies using
four different LLMs, each of which was able to pick up on
several ethical issues associated with each of seven case studies.'
However, the study also noted several key omissions, concluding
that human oversight continues to be important and that LLMs
should be used only as adjunct screening tools.'

While the use of LLMs as screening tools prior to a human
review is promising, it is also associated with several practical and
ethical concerns. Off-the-shelf LLMs trained on generic datasets
sometimes lack the domain-specific knowledge and contextual
understanding necessary to make nuanced judgements about
the ethical acceptability of research protocols. They may also be
prone to biases and blind spots that could lead to unfair or unre-
liable assessments, make mistakes, and miss important areas of
potential ethical concern.'? Moreover, the ‘black box’ nature of
traditional LLMs’ internal mechanisms makes it difficult to inter-
rogate their reasoning a priori and ensure that their potential
outputs will align with relevant ethical principles and regulatory
requirements. However, with the advent of reasoning models, we
recognise that newer LLMs can now provide a degree of inter-
pretability to their responses (which, in the process, also amelio-
rates concerns regarding hallucinations). By making its chain of
thought available to users, the LLM’s reasoning processes can
be interrogated through human evaluation and validation of the
logic, veracity, depth, and breadth of reasonings.

In addition to these practical issues, many people may experi-
ence general discomfort with the notion of ethical review carried
out—perhaps to any extent—by Al systems. Ethical deliberation
is a complex process involving not only pure analysis and compu-
tation but also qualities such as situational awareness, empathy,
and nuanced balancing of competing ethical concerns. There is a
legitimate worry that relying too heavily on Al systems, even as a
screening or support tool, could lead to a diminishment of these
essential human qualities in the review process. IRB members
may feel less inclined to engage deeply with the ethical dimen-
sions of research proposals if they believe that an Al system has
already done the heavy lifting for them. Over time, this could
lead to a gradual erosion of the ethical skills and sensitivities that
are so crucial to the integrity of the review process.

Unlike other areas where Al is being deployed, such as medical
diagnosis or financial risk assessment, the judgements made
by IRBs are not purely empirical or technical in nature. They
involve weighing competing moral considerations, interpreting
abstract principles in light of concrete circumstances, and
making difficult trade-offs between individual rights and inter-
ests, and potential societal benefits. These are quintessentially
human tasks that require a deep understanding of the ethical
frameworks and values that undergird the research enterprise.
Delegating such tasks to Al systems, even partially, may be seen
as an abdication of moral responsibility on the part of IRBs.*

Another critical concern is the potential inability of LLMs
to fully account for the local institutional and cultural contexts
in which IRBs operate. While the basic principles of research
ethics—such as respect for persons, beneficence, and justice—
are widely applicable, their interpretation in practice can vary
significantly depending on the specific setting and population
involved. For example, what constitutes an acceptable level of
risk or an appropriate consent process may differ depending on
the cultural norms, educational backgrounds, and socioeconomic
conditions of research participants. Similarly, the institutional

mission, resources, risk tolerance, and policies and procedures
of a particular IRB may shape its approach to protocol review in
ways that are not easily captured by a generic AI model.

This context-specificity is one of the reasons why IRBs are
typically localised within particular institutions or research
communities, rather than being centralised at a national or inter-
national level. Especially in the case of IRBs overseeing social'
and behavioural research, they are expected to have a deep
understanding of the local research landscape and to be attuned
to the needs and concerns of the populations they serve.

Thus, the current situation may be summarised as follows. IRB
review serves an important function, yet the conditions necessary
for this function to be effectively fulfilled are often not available
to those charged with carrying out IRB review. As a result, the
quality of reviews may often be lacking, while much beneficial
research is delayed and otherwise hindered. The use of LLMs to
assist in pre-review screening (eg, for the completeness of the
IRB application, informational consistency across the document,
and alignment with ethical norms and legal requirements prior
to ethical review) has been proposed as a means of addressing
this delay. While promising, such use is attended by significant
concerns partially related to accuracy and partially related to
more general worries about the nature of ethical reasoning and
the need for review that is sensitive to the local context.

In the sections that follow, we suggest that the use of
application-specific LLMs trained on or given access to previous
local IRB queries (ie, questions raised by the IRB to researchers),
as well as IRB committee discussions and decisions, institutional
and IRB-specific policies and procedures, and local regulations,
could both increase accuracy and significantly ameliorate the
bulk of these concerns.

APPLICATION-SPECIFIC IRB LLMS

LLMs achieve their general-purpose capabilities due to the vast
and diverse datasets used in their initial training. However, when
high performance is desired within a specific domain rather
than for general tasks, the effectiveness of LLMs can be signifi-
cantly enhanced through a process known as fine-tuning. Fine-
tuning involves further training an already pre-trained LLM
on a targeted, specialised dataset relevant to the specific area
of interest. This process refines the model’s understanding by
adjusting a subset of its internal weights to align more closely
with the patterns, terminology, reasoning, knowledge base, and
nuances of the specialised data. As a result, fine-tuned Al models
become more adept at generating accurate and contextually rele-
vant outputs within their application-specific domains, typically
surpassing the performance of general-purpose models in tasks
such as medical diagnosis, legal analysis, and other field-specific
applications.”” 2*

Application-specific fine-tuning helps reduce hallucinations in
LLMs by aligning the model’s outputs more closely with domain-
specific knowledge. This can be further enhanced through RAG:
a strategy that grounds the model’s outputs in external, reliable
data sources (ie, domain-specific reference information).”’ RAG
works by using embeddings, which are numerical representa-
tions that encode text into structured vectorised forms, allowing
the model to perform efficient computational searches across
vast datasets. This structured approach enables the model to
locate and retrieve specific, contextually relevant information
during text generation, acting as an external memory or knowl-
edge base. By grounding the model’s responses in actual data,
RAG helps ensure that outputs are more accurate and reliable.
Practical examples of RAG include company Als that access
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internal documents to provide precise answers to user queries,

thereby reducing the risk of generating incorrect or fabricated

information.*

We use the term ‘application-specific LLMs’ to refer to LLMs,
which have been (1) pre-trained, (2) fine-tuned for a specific
application domain (ie, IRB reviews), (3) enhanced with domain-
specific information using RAG, or (4) customised for a specific
application through prompt engineering. The use of application-
specific LLMs has the potential to address several of the specific
concerns raised above with respect to the use of general LLMs in
IRB review. Recently, a growing body of literature has investigated
the use of a specific type of LLMs within bioethics, including
LLMs that use for their training data or knowledge base infor-
mation produced by, or characterising, a specific individual.’'
Examples of such personalised LLMs include models fine-tuned
on an individual’s previously published works, enabling them to
produce text more in line with the style, format, and argumen-
tation used by that individual than a base model®?* and similar
models fine-tuned on relevant data for individual patients which
might be used to predict that patient’s preferences in cases of
medical incapacity.®*

Building on these preliminary examples, we envision the devel-
opment of IRB-specific LLMs that are designed and validated to
the unique needs and institutional contexts of individual review
boards. These models would be fine-tuned on IRB-specific data-
sets. They would also be equipped with retrieval capabilities
that allow them to access and incorporate the latest relevant
information from knowledge bases established for that purpose.
Note that while we focus here on individual IRBs, our proposal
of using application-specific rather than generic LLMs for IRB
review is also germane to centralised or supra-IRBs.*

The process of developing an IRB-specific LLM would involve
several key steps:

1. Data collection and curation: the first step would be to gath-
er a comprehensive dataset of materials relevant to the IRB’s
work, including IRB literature (eg, fundamentals about clin-
ical trial design and good practices, IRB and bioethics peer-
reviewed literature), past protocol submissions and related
documents (eg, consent forms, study advertisements), deci-
sion letters and IRB queries (ie, IRB submission or review-
related communications), meeting minutes, institutional and
IRB policies and procedures, and relevant laws and regu-
lations. This dataset would need to be carefully curated to
ensure its quality, with attention to issues such as bias and
confidentiality. Besides key IRB documentation, recommen-
dations and guidelines from national ethics bodies and/or
expert advisory committees (eg, national bioethics commit-
tees, ethics think tanks) could also be included in the model’s
database for RAG.

2. Model selection: the next step involves selecting an appropri-
ate existing general LLM to serve as the base model for fine-
tuning and deployment. Available options include proprie-
tary models such as Anthropic’s Claude and OpenAl’s GPT
and o-series, as well as open-source alternatives such as Me-
ta’s LLaMA, or DeepSeek’s V3 and R1 models. The choice
of model should be guided by several key considerations,
including performance, scalability, and compatibility with
the institution’s technical infrastructure and data security re-
quirements. Smaller, open-source models have the advantage
of being deployable on local servers, offering enhanced con-
trol over data handling and partially mitigating confidentiali-
ty concerns. This local deployment option can be particular-
ly beneficial when sensitive IRB-related data is involved, as it
allows institutions to maintain tighter control over data flow

3.

4.

and access. The final model selection should align with the
IRB’s institutional policies, including those outlined in its Al
governance framework or policy, to ensure compliance with
requirements for data processing, security, and ethical stand-
ards. Additionally, the selected model must support the IRB’s
specific needs, such as the ability for enterprise-quality data
protection, application-specific fine-tuning, and the abili-
ty to integrate with RAG to access and use domain-specific
knowledge efficiently. Ultimately, the chosen model should
not only meet technical criteria but also adhere to the IRB’s
broader institutional and ethical mandates, ensuring respon-
sible use of Al within the context of research ethics review.
IRB application-specific fine-tuning: the fine-tuning process
can be divided into two key stages: (1) creating a general
application-specific IRB LLM; and (2) further training this
IRB LLM to align with the specific institutional context. In
the first stage, the base model is fine-tuned on a comprehen-
sive IRB-specific dataset, incorporating general legal stand-
ards, regulations, best practices, and relevant peer-reviewed
literature. This step equips the model with a deeper under-
standing of the broader IRB landscape, enabling it to recog-
nise, ‘reason’, and generate outputs that reflect the unique
language, terminology, and ethical frameworks commonly
used in IRB decision-making. In the second stage, the model
undergoes additional fine-tuning to adapt specifically to the
institution’s context. This involves training the IRB LLM on
high-quality text describing the institution’s specific IRB pro-
cesses, policies, historical decisions, and other relevant docu-
mentation. The goal is to imbue the model with the distinct
language patterns and contextual nuances that capture the
institution’s decision-making criteria, ethical considerations,
and procedural standards. This institution-specific training
step ensures that the model’s CoT/reasoning and outputs are
not only aligned with general IRB practices but also tailored
to reflect the unique values and operational specifics of the
institution. Together, these steps enable the fine-tuned IRB
LLM to produce highly relevant, context-aware outputs
that closely align with both general and institution-specific
decision-making frameworks, enhancing its effectiveness as a
support tool in the ethical review process.

RAG: to enhance the model’s ability to provide up-to-date
and contextually relevant information, it would be equipped
with retrieval capabilities using embeddings. This would
involve creating structured vector representations of key
documents in the IRB’s factual knowledge base, such as past
decisions, policies, and guidelines. During the generation
process, the model could then efficiently search and retrieve
relevant information to inform its analyses and recommen-
dations.

Testing and validation: before being deployed in a live IRB
setting, the application-specific LLM would need to undergo
rigorous testing and validation to ensure its accuracy, reliabil-
ity, fairness, and adherence to ethical and regulatory princi-
ples. This would involve both quantitative evaluations of the
model’s performance on benchmark tasks, as well as qualita-
tive assessments by IRB staff, members, and other stakehold-
ers—such as legal counsel-to evaluate the model’s practical
utility, fairness, and alignment with ethical principles. These
evaluations would focus on the model’s ability to: provide
logical and high-quality reasoning with sufficient depth and
breadth; generate accurate, contextually relevant outputs;
identify potential biases; and ensure compliance with appli-
cable laws and regulations. Feedback from these assessments
should guide iterative refinements, ensuring that the model
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meets the rigorous standards required for responsible use in
IRB decision-making and review processes. By comparing
the model’s reasonings and outputs to previous human IRB
decisions on similar cases, evaluators can assess the accura-
cy, consistency, and alignment of the AI’s recommendations
with established IRB standards and practices.

6. Post-deployment audits and continuous improvement
through reinforcement learning from human feedback: after
deployment, the LLM would be subject to periodic audits
to monitor its performance and ensure ongoing alignment
with IRB standards. This process would involve systemati-
cally comparing the LLM’s reasonings and recommendations
with the IRB’s deliberations and final decisions. Differences
between the initial LLM output and the final IRB decision,
which integrates human judgement in addition to the IRB-
LLM, can serve as valuable data for continuous improve-
ment. This before-and-after analysis allows for high-quality
reinforcement learning through expert human feedback,
enabling the model to learn from expert corrections and ad-
justments made during IRB reviews. Such feedback loops are
essential for refining the application-specific LLM, address-
ing deficiencies or biases in the model’s training data, and
enhancing its decision-making capabilities over time. The
audit process would also incorporate direct user feedback,
focusing on scenarios where human reviewers diverged from
the LLM’s recommendations, the frequency of these instanc-
es, and the reasons behind them. This structured feedback
mechanism not only identifies the model’s limitations but
also guides iterative retraining, ensuring the LLM evolves to
better support IRB decision-making while maintaining ethi-
cal integrity and regulatory compliance.

Once developed and rigorously validated, the IRB-specific
LLM could be integrated into the review workflow in various
ways to enhance the efficiency and quality of the process. For
example:

1. Pre-review screening: the LLM (or Al agent systems, such as
OpenAl’s ‘ChatGPT Agent’ or Anthropic’s ‘Claude Code’)
could be used to autonomously screen incoming protocol
submissions for completeness and potential ethical concerns,
as well as propose recommended classifications (ie, ‘exempt’,
‘expedited’, or ‘full board’ categories). It could flag submis-
sions that require further information (eg, missing key infor-
mation in the consent form) or that raise significant concerns
(eg, potential non-compliance with laws, regulations, or in-
stitutional policy; mention of vulnerable populations, and
so on), allowing IRB staff to prioritise their review efforts.
Similarly, the same function could also be extended to in-
vestigators to screen their draft applications, prior to IRB
submission, to improve the quality and completeness of their
submissions, while also flagging unnecessary jargon or po-
tentially confusing passages of text.

2. Preliminary review: for protocols that pass the initial screen-
ing, the LLM/AI agent could autonomously generate a pre-
liminary review report that: summarises the study aims and
methodology, key study design and ethical considerations;
identifies relevant precedents and guidelines; and provides
a tentative risk—benefit assessment. This report could serve
as a starting point for the actual human review by the IRB
member(s) or discussions at convened IRB meetings.

3. Counsistency checking: the LLM, powered by a reasoning
model, could be used to evaluate the IRB’s proposed clarifi-
cations, modifications, or decisions with its past precedents
and with relevant institutional policies and guidelines, and
also recommendations and guidance from expert ethics/ad-

visory committees. It could flag any potential inconsisten-
cies or deviations, prompting the IRB to provide addition-
al justification or to reconsider its approach. It could also
flag inconsistencies among the protocol approved by grant
funders, the actual protocol submitted for IRB approval, and
any descriptions of the protocol contained in informed con-
sent information.

4. Decision support: during the deliberation process, IRB mem-
bers could interact with the LLM—or specifically agentic sys-
tems, such as agentic search workflows like Google Gemini‘s
and ChatGPT o3 ‘Deep Research’ features, that have ac-
cess to both online and institutional resources—to ask for
additional information, clarification, or analysis on specific
issues. The LLM/agent could quickly retrieve relevant prece-
dents, guidelines, and/or literature to generate a comprehen-
sive, fully cited report to inform the discussion.

DISCUSSION: POTENTIAL BENEFITS, RISKS AND REPLIES
IRB-specific LLMs have the potential to address at least three of
the most prominent concerns regarding the use of general LLMs
in ethics review.

First, by being trained on and having access to additional
information relevant to the specific tasks and context associated
with an IRB’s work, the accuracy of application-specific LLMs
on review tasks is likely to be higher than that of more general
models. By drawing on detailed knowledge bases established for
the purpose, IRB-specific LLMs (capable of ‘reasoning’) will be
better able to provide relevant information and precedents, and
will be less likely to generate inaccurate information.

Second, IRB-specific or expert LLMs may partially ameliorate
concerns related to the lack of human empathy and judgement,
since such LLMs are trained specifically on past examples of the
use of human empathy and judgement in the context of research
ethics evaluation.

Third, IRB-specific LLMs are trained on, and have access to,
additional information concerning the national or local context
of an IRB and its associated institution. This largely addresses
concerns based on the need for IRB review to be sensitive to the
national or local context in which the IRB operates. IRB-specific
LLMs can make use of this information to adjust what would
otherwise be context-independent recommendations. Signifi-
cantly, if important information is missing, this can simply be fed
into the vectorised knowledge base as needed.

While IRB-specific LLMs address several key limitations of
the more general application of LLMs to IRB review, there are
nevertheless multiple remaining issues that need to be acknowl-
edged prior to any actual implementation of these ideas.

Even with careful curation and auditing, there is a risk that
the IRB-specific datasets used to train the LLMs could reflect
and perpetuate historical inequities or blind spots in the research
enterprise. For example, if certain types of research or popu-
lations have been systematically underrepresented or excluded
from past IRB reviews, the LLM may learn to discount or over-
look their ethical significance. Similarly, if the training data
contains implicit biases or stereotypes, the LLM may inadver-
tently reproduce these in its analyses and recommendations.

To mitigate these risks, it will be important to develop robust
methods for assessing and mitigating bias in LLM training data
and outputs. This could involve techniques such as testing,
debiasing, and auditing, as well as ongoing monitoring and
adjustment of the models in response to feedback from diverse
stakeholders.’® Post-deployment audits and reinforcement
learning from human feedback, based on the differences between
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the LLM’s reasonings/initial output and final IRB decisions inte-
grating human judgement, are key for continuous improvement.

Another challenge is the potential for over-reliance on LLM
outputs in the review process. While the goal is to use LLMs to
support and enhance human decision-making, there is a risk that
IRB staff and members could become overly deferential to the
models” CoT reasonings, analyses, and recommendations, espe-
cially if they are presented as or otherwise seen as highly logical,
accurate, or authoritative.’” This could lead to a gradual erosion
of the critical thinking and independent judgement that are
essential to effective ethical oversight.*® Moreover, any percep-
tion of IRB over-reliance on or deference to LLMs would chal-
lenge existing societal expectations that ethical decision-making
should be performed exclusively by human persons. While the
ultimate aim of deploying such LLMs is to ensure and uphold
the ethical conduct of research—which in turn, supports public
trust in science—stakeholders (eg, researchers, participants, and
the broader public) may ironically perceive their use by IRBs as a
disingenuous abrogation of duty, thereby undermining trust and
confidence in the research ethics oversight system.

To counter this risk, it will be important to design the LLM-
assisted review process in a way that actively engages and
empowers human decision-makers. This could involve providing
training and support to IRB staff and members on how to write
effective prompts to instruct the LLM (ie, user-level prompt
engineering) and how to actively and critically interpret and
respond to LLMs’ CoTs and outputs, and including reminders
in the LLM outputs to users that it is not a substitute for human
judgement and that the risk of hallucinations is always non-zero.
It would also require establishing clear protocols for when and
how human judgement should take precedence over machine
recommendations. Additionally, in line with emerging norms
around disclosing LLM use (eg, in academic writing),>” IRBs
ought to be transparent with stakeholders about their use of
such technologies. Relatedly, they may also consider engaging
stakeholders—both prior to and following the deployment of
LLMs in their review processes—to foster continued trust and
confidence in the oversight system.

Notably, even with the accessibility of an LLM’s CoT, there
still remain important questions about the transparency and
explainability of IRB-specific LLMs, and how these factors
may impact the perceived legitimacy and trustworthiness of the
review process. Given the high stakes and sensitive nature of
research ethics, it is desirable that the reasoning behind LLM
outputs can be clearly understood and interrogated by human
reviewers and other stakeholders.* *! This issue can be partially
mitigated through (1) application-specific IRB fine-tuning, (2)
the extensive use of vectorised knowledge databases (as it would
then be clear what information was used to produce an output),
and (3) system-level prompt engineering and design settings (eg,
low settings of the temperature parameter; instruction to always
find factual support based on the RAG knowledge base). Impor-
tantly, it could be primarily addressed through the use of systems
specifically designed to be explainable, such as reasoners and
their CoT. However, this in turn raises the question of how ‘raw’
or ‘full’ an LLM’s ‘thought’ processes should be to be considered
sufficiently explainable, though this is a topic beyond the scope
of this article.

Finally, we note that LLMs may have different utility in
reviewing biomedical research protocols than in reviewing
social/behavioural protocols. Risk in biomedical studies is often
objective and quantifiable (eg, the risk of a device-implantation
surgery, or the known side effects of a study drug). Social/
behavioural risks are often more subjective—eg, the risk

that participation in a given study could harm a participant’s
reputation, or the level of privacy risk raised by participation
in an online focus group. Different IRBs can be expected to
decide such questions differently, so the use of LLMs for study
screening and risk assessment may not create uniformity across
IRBs. On the other hand, the use of an LLM by a given IRB
might decrease inconsistency of risk judgements within that IRB
over time, as the LLM gains ‘experience’ through reinforcement
learning through human feedback based on the actual decisions.
LLM:s could also be designed to suggest tools for risk mitigation
in social/behavioural studies, such as choosing meeting places
where the participant will not be seen meeting the researcher,
or providing the researcher’s contact information in a format
that will not be recognised as ‘research-related’ by participants’
friends and family members, or using a particular approved
mechanism for storing sensitive social data in the cloud.

CONCLUSION

Ultimately, the goal of this work is to foster a more ethical,
efficient, and responsive system of research oversight that can
keep pace with the rapidly evolving landscape of biomedical
and social/behavioural research while upholding the highest
standards of participant protection and scientific integrity. The
background and reasons presented above convince us that IRB-
specific LLMs at the very least show significant potential as tools
towards the realisation of this goal. Before anyone can know
with certainty whether this is the case, much more theoretical
and practical work remains to be done, and pilot studies will
need to be conducted and thoroughly evaluated. Nevertheless,
the reasons laid out above convince us that this work represents
a promising area worthy of these additional efforts.
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